This study was initiated to evaluate the potential of near infrared reflectance (NIR) 18 spectroscopy to predict in vitro gas production parameters of botanically complex herbage 19 samples. A total of 94 herbage samples harvested in natural meadows located in the mountains 20 near León in Northwest Spain were analyzed to determine their chemical composition. In 21 addition, all herbage samples were incubated in vitro in buffered rumen fluid to determine 22 fermentation kinetics using a gas production technique, and scanned in a spectrophotometer to 23 obtain NIR spectra. Prediction equations showed that NIR spectra could explain a high 24 proportion of the variability (R 2 > 0.94) related to some in vitro gas production parameters (e.g., 25
48

Introduction 49
In vivo digestibility predicts the animal response to a dietary treatment, but cannot describe 50 dynamics of nutrient supply. Thus results are generally restricted to the experimental conditions 51 under which the measurements were made (López et al., 2000) . In addition, in vivo digestion 52 studies are expensive and not readily applicable to large numbers of samples, or when small 53 quantities of feedstuff are available. In order to avoid these problems, in vitro and in situ 54 methods have been used extensively in ruminant nutrition studies (Givens and Deaville, 1999) . 55
These procedures provide information on fermentation kinetics, which can be incorporated to 56 integrated compartmental models in order to predict events in the rumen (López et al., 2000) . 57
However, an in vitro gas production technique (Menke et al., 1979; Menke and Steingass, 1988; 58 Theodorou et al., 1994 ) is even less animal dependent, and can be automated (Cone et al., 1996) , 59
thereby considerably reducing labour needs vs. in situ methods. 60
Another technique used in feed evaluation is near infrared reflectance spectroscopy (NIRS), 61 an analytical method that has proved useful in estimating chemical composition (Norris et al., 62 where: GP c and GP 0 are the corrected and observed gas volumes for the test sample, respectively, 121
and LH c and LH v are the gas volumes recorded for the standard Lucerne hay in the calibration 122 and in the validation incubation runs, respectively. The correction used for gas volumes at each 123 incubation time were based on calculations proposed by Menke and Steingass (1988) . 124
Each forage sample was incubated in duplicate. After the last gas measurement at 144 h, the 125 serum bottles were opened and their contents were filtered using sintered glass crucibles (coarse 126 porosity No. 1, pore size 100 to 160 µm) under vacuum and oven dried at 100ºC for 48 h to 127 estimate potential DM disappearance at d 144. 128
Gas production profiles were used to estimate fermentation parameters by fitting the 129 exponential model proposed by France et al. (2000) to the cumulative gas production data as: where: GP is the gas production (ml/500 mg DM) at each incubation time (t), A is the asymptotic 132 gas production (ml), c is the fractional rate of fermentation (/h) and L is the lag time before 133 fermentation started (h). 134
The extent of degradation of DM in the rumen at any defined rumen passage rate (ED k ) was 135 estimated according to France et al. (2000) as: 136
where: c and L are as defined in equation (2), k represents the rumen passage rate (/h) and d 144 138 is potential DM disappearance. The two rumen passage rates used were 0.02/h, representative of 139 a low level of DM intake and 0.06/h, representative of a high level of DM intake. 140
Near Infrared Technology 141
Herbage samples were scanned at 2 nm intervals over the NIR spectral range of 1100 to 2500 142 nm using a spectrophotometer (Model InfraAlyzer 500, Bran+Luebbe GmbH, Norderstedt,When NIR spectra were used to predict gas production parameters, all equations were 151 obtained using partial least square regression by means of SESAME software. A cross-validation 152 was performed to avoid over-fitting of the partial least square regression equations. This 153 procedure to estimate in vitro gas production data was referred to as the direct method. 154
For prediction of gas production parameters from chemical composition, independent variables 155 were selected by stepwise multiple linear regression using SAS (1999) . Once independent 156 variables were selected, a cross-validation was performed using The Unscrambler program. 157
Thus, the standard error of cross-validation (SE CV ) could be calculated and, hence, comparison 158 with the NIR equations was possible. 159
Finally, the equations were tested using the validation set samples. The optimum model for 160 each parameter was selected on the basis of minimising the standard error of prediction (SEP) 161 obtained for the validation set. Moreover, the different components of the mean square 162 prediction error (MSPE) were analyzed by means of Theil decomposition (Theil, 1966) 
The concordance correlation coefficient (r c ) for the validation set was calculated as suggested 171
by Dhanoa et al. (1999) line, assuming that the intercept is zero and the slope is 1 (i.e., the 45° line through the origin). 177
In addition, NIR prediction equations were developed to estimate gas volumes at 3, 6, 9, 12, 178 16, 21, 26, 31, 36, 48, 60, 72, 96, 120 and 144 h of incubation. The NIR spectra of the 32 179 validation samples were used to estimate incubation time gas volumes, and the exponential 180 model proposed by France et al. (2000) was fitted to the new gas profiles in order to estimate the 181 gas production parameters A, c and L. This procedure to estimate in vitro gas production data 182 was referred to as the alternative method. 183 184 3. Results and discussion 185
Relationship between chemical composition and gas production kinetic parameters 186
The mean values, ranges and standard deviations of the chemical components CP, NDF, 187 ADF, ADL and ADIN and the in vitro gas production parameters A, c, L, GP24, GP96, ED 03 , 188 ED 06 and d144 are in Table 1 . Chemical composition, fermentation kinetic parameters and extent 189 of degradation in the rumen had considerable variation due to differences among samples in 190 botanical composition (i.e., proportion of grasses and legumes) and maturity. However, mean 191 values, ranges and standard deviations were similar for the calibration and validation sets, with 192 differences that accounted for less than 10% (mean values) and 25% (standard deviations), Table 2 shows the matrix of Pearson correlation coefficients between gas production 195 parameters and chemical composition. The correlations were, in general, similar in sign and 196 magnitude for both the calibration and validation sets. Thus, the c parameter had positive 197 correlations with CP, ADIN and ADL contents, and a negative correlation with the NDF content, 198 whereas parameter A had negative correlation coefficients with these chemical fractions. 199
All correlations could be attributed, in part, to the differing botanical composition of the 200 herbage samples. It is well known that grasses, unlike legumes, have a higher proportion of cell 201 wall, though less lignified, and a lower proportion of cell contents that are readily digestible 202 (Ulyatt, 1981; Van Soest, 1994) . In contrast, despite the higher lignification of legume cell walls, 203 rate of fermentation is faster for legumes than grasses, owing to the surface properties of the cell 204 wall of dicotyledons (Donefer, 1970; López et al., 1991) . These factors could explain why 205 herbage samples with a higher proportion of grasses, such as herbage from the first cut of the 206 meadows, could have had slower rates of fermentation (c), but higher asymptotic gas production 207 (A). On the contrary, herbage samples with a higher proportion of legumes (i.e., summer and 208 autumn re-growths) showed higher rates of fermentation (c) but lower asymptotic gas production 209 (A). The lower A value of legumes could be due to higher lignin contents and also to higher 210 content of CP that contributes to a lesser extent than carbohydrates to total gas production 211 (Menke and Steingass, 1988; López et al., 1998; Cone and Van Gelder, 2000) . All results are 212 consistent with those reported in other comparative studies examining rate and extent of ruminal 213 degradation of temperate legumes and grasses using a gas production technique (Khazaal et al., 214 1993 (Khazaal et al., 214 , 1995 Ammar et al., 1999) . 215
Prediction of gas production parameters 216
Near infrared spectra and chemical composition data, selected by stepwise multi-linear 217 regression, were used as independent variables to predict gas production kinetic parameters. The 218 accuracy of prediction achieved in each case can be assessed from the statistics in Table 3 . With 219 the exception of d 144 and lag time (L), all gas production kinetic parameters, and extent of 220
Eliminado: had degradation in the rumen (ED), could be satisfactorily predicted from NIR spectra, with robust 221 calibration equations (R 2 >0.80) and acceptable validation (RPD > 2.5 for GP24, GP96, A and c; 222 RPD > 2.0 for ED). Williams and Sobering (1993) suggested that RPD should be higher than 2.5 223 in any equation with an acceptable predictability. For these variables, the standard error of 224 calibration (SEC) accounted for less than 5.1%, whereas SE CV and SEP amounted to less than 225 7% of the mean value of the corresponding parameter. 226
Cumulative gas production volumes (GP24 and GP96), fractional fermentation rate (c) and 227 extent of DM degradation in the rumen at different assumed passage rates (ED 03 and ED 06 ) had 228 better calibration statistics when NIR spectra were used as independent variables (Table 3) , 229 despite strong correlations between these parameters and chemical composition (Table 2 ). This 230 could be due to NIR spectra containing information about not only the chemical components 231 hemicelluloses, factors that may have an effect on fermentation kinetics parameters estimated by 237 the in vitro gas production technique. With regard to the asymptotic gas production (A), the 238 statistics were very similar to those for the GP96, and in both cases the best equation of 239 prediction using NIR spectra was that obtained from raw absorbance data without mathematical 240 treatment, probably as a result of the strong correlation between both parameters (r = 0.98; P < 241 0.0001). However, the lag time (L) could not be predicted by either chemical composition data 242 or the NIR spectra (Table 3) . 243
As expected, in comparison to the prediction of the chemical composition of similar forages 244 using NIR spectroscopy technology (García-Ciudad et al., 1993; Andrés et al., 2005) , statistics 245 assessing the performance of the calibration equations were not as good when spectra were used 246
Eliminado: an to predict some nutritional attributes, such as the rumen fermentation kinetics, estimated by the 247 gas production technique. Parameters measured by biological methods are subject to higher 248 uncontrolled variability due to a multiplicity of sources of experimental and sampling error (e.g., 249 differences between animals, days, incubation runs, replicates) that can affect predictive 250 capability of NIR equations that are highly dependent upon the error of the reference method. 251
Accuracy in the determination of reference values for use in development of NIR prediction 252 equations is critical, as the accuracy of the NIR prediction are only as good as the reference 253 values used for calibration (Coates, 2002 ). Hence, a higher level of tolerance might be applied 254 when evaluating prediction statistics of rumen fermentation parameters using NIR spectral data. 255
Even so, the lag time (L) could not be successfully predicted by NIR spectra, with poor 256 calibration and validation statistics. The lag phenomenon is not fully understood biologically, 257
and thus the actual definition of lag time is mainly mathematical. 258
In the present study, samples for calibration and validation were incubated in different 259 batches, and a standard feed (i.e., Lucerne hay) was used to account for possible variation in 260 rumen fluid with time, given the large differences among incubation runs that are usually higher 261 than 10% of the mean, and can be up to 50% (Van Laar et al., 2000) . It is possible that the 262 reproducibility of reference values could be improved by incubating feeds in various, rather than 263 single, batches or by using rumen fluid from individual animals so that experimental error, and 264 not just analytical error, is considered. 265
There are not many results reported that examine the ability of NIR spectra to predict 266 fermentation kinetic parameters estimated by an in vitro gas production technique. Consistent 267 with our results, Goodchild et al. (1998) observed that gas production produced when some 268 forage legumes were incubated in vitro could be predicted accurately (R 2 > 0.95; SE CV = 7.2 269 ml/g) by NIR spectra. However, Herrero et al. (1996) found low coefficients of determination 270 (R 2 = 0.60 to 0.78) for the cross validation of volumes of gas produced at 6, 12, 24, 36 and 48 h 271 when incubating kikuyu grass in vitro. The calibration and cross-validation of equations usingNIR spectra were even poorer for shorter or longer incubation times, whereas the kinetic 273 parameters A, c and L could not be successfully calibrated (Herrero et al., 1996) . In a later study, 274 Herrero et al. (1997) considerably improved the prediction of gas volumes at all incubation times 275 by using a spectrally structured sample population for calibration. However, in this study the gas 276 kinetic parameters estimated using various exponential models could not be calibrated and 277 validated using NIR spectra, and so attributed lack of fit of the NIRS equations to the nonlinear 278 nature of some of these parameters (Herrero et al., 1997) . However, Fakhri et al. (1999) reported 279 that NIR could accurately predict asymptotic gas production for a variety of concentrate feeds, 280
and Lovett et al. (2004) reported an acceptable ability (R 2 = 0.60 to 0.80) to predict kinetics of 281 gas production for maize silage. The discrepancies in all of these studies may be attributed to the 282 different feeds used in each case for development of prediction equations, the number of samples 283 used for calibration and validation and variation in reference values. The number of samples 284 used and the variation in the reference values were higher in the present study than in previous 285 reports, explaining in part the better performance of our NIR prediction equations. In fact, 286
Herrero and Jessop (1998) observed that all gas volumes were more accurately predicted using 287 NIRS when the range of values was extended by using more forages. 288 Herrero et al. (1997) reported better predictions of gas volumes, vs. kinetic parameters, 289 estimated by fitting nonlinear models to gas production data. Therefore they suggested that 290 instead of developing equations to predict those kinetic parameters from NIR spectra, it would be 291 more suitable to calibrate static gas volumes, and then to use predicted values to fit appropriate 292 models to estimate fermentation kinetic parameters. To investigate this approach, NIR prediction 293 equations were developed using our calibration set of samples for cumulative gas volumes at 3, 294 6, 9, 12, 16, 21, 26, 31, 36, 48, 60, 72, 96, 120 and 144 h of incubation. Gas volumes at these 295 incubation times were then predicted for the 32 samples of the validation set from their NIR 296 spectra, and the exponential model was fitted to the new gas profiles in order to estimate the gas 297 production parameters A, c and L. The statistics resulting from the comparison between the 298 Eliminado: w volumes are in Table 4 (i.e., alternative method). Validation statistics and concordance 300 coefficients were satisfactory for all parameters, except L. Comparing results from Tables 3 301 (direct method) and 4 (alternative method), it seems that the later method resulted in worse 302 predictions of GP24, kinetic parameters A and c, and extent of degradation (ED). This could be 303 due to errors inherent to the two stage process required (i.e., estimation by NIRS of gas volumes 304 with subsequent application of the model proposed by France et al. (2000)). Lag time (L) could 305 not be satisfactorily predicted by any approach, indicating the likely lack of precision in its 306 reference values. 307 308
Conclusions 309
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